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ABSTRACT 
 
AN EXAMINATION OF THE EFFECTS OF AIR POLLUTION AND PHYSICAL 
ACTIVITY ON MARKERS OF ACUTE AIRWAY OXIDATIVE STRESS AND 
INFLAMMATION IN ADOLESCENTS 
 
By 
 
EMILIA PASALIC 
 
May 13, 2016 
 
INTRODUCTION: Airway inflammatory response is widely believed to be a central 
mechanism in the development of adverse health effects related to air pollution exposure. 
Increased ventilation and inspiratory flow rates due to physical activity in the presence of 
air pollution will increase the inhaled dose of air pollutants. However, physical activity 
can also affect lung function and may moderate the relationship between air pollution and 
lung function. The mechanisms that underpin the complex interplay between air 
pollution, physical activity, and lung function may be more sensitive to the inhaled dose 
of air pollution than to ambient air pollution exposure alone. Despite this, the majority of 
literature on the topic measures only the ambient concentration of air pollution. 
AIM: This study aims to characterize the relationship between inhaled air pollution dose, 
physical activity, and respiratory response markers of lung function, oxidative stress and 
inflammation among healthy adolescents. Respiratory response measures include exhaled 
nitric oxide (eNO), percent oxidized exhaled breath condensate glutathione (%GSSG), 
percent oxidized exhaled breath condensate cysteine (%CYSS), the percentage of total 
oxidized compounds (%Oxidized), and changes in pulmonary function, namely, forced 
vital capacity (FVC), forced expiratory volume (FEV1), and forced expiratory flow 
(FEF25-75). Air pollution measures include cumulative inhaled doses of fine particulate 
matter (PM2.5), ozone (O3), black carbon (BC), and particle number total (PNT). 
METHODS: Using a non-probability sample of high school athletes, outcomes were 
measured prior to and after participation in extracurricular sports practice. The inhaled 
dose of air pollutants during the sports practice was estimated for each participant using a 
novel method developed by Dr. Roby Greenwald. This observational study estimates the 
association between air pollution dose and outcome measures using general linear mixed 
models with an unstructured covariance structure and a random intercept for subject to 
account for repeated measures within subjects. All data analysis was completed using 
SAS. 
RESULTS:  A one IQR (i.e. 345.64 µg) increase in O3 inhaled dose is associated with a 
29.16% average decrease from baseline in %Oxidized. A one IQR (i.e. 2.368E+10 
particle) increase in PNT inhaled dose is associated with an average decrease in FEF25-75 
of 0.168 L/second from baseline. The relationship between PNT inhaled dose and eNO is 
 
 
ii 
 
moderated by activity level, with increasing activity levels attenuating the relationship. 
Similarly, the relationship between O3 inhaled dose and %CYSS is attenuated by activity 
level, with increasing activity levels corresponding to smaller changes from baseline for a 
constant O3 inhaled dose. 
DISCUSSION: Someone who inhales a high cumulative dose despite a low activity level 
is likely breathing in a higher concentration of air pollution in a shorter period of time 
than a person who receives the same dose with a high activity level.  The moderating 
effects of activity level suggest that peaks of high concentration doses of air pollution 
may overwhelm cells’ endogenous redox balance resulting in increased airway 
inflammation. Further research that examines the relationships between dose peaks over 
time and inflammation could help to determine whether a high concentration dose over a 
short period of time has a different effect than a lower concentration dose over a longer 
period of time. 
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Chapter 1. Introduction 
The benefits of physical activity are well documented and include reduced mortality and 
morbidity as well as increased mental and physical wellbeing [1]–[3]. Adolescents who 
engage in regular physical activity establish habits that will improve their health over the 
course of their lifetimes [4]. However, increased ventilation and inspiratory flow rates 
due to physical activity in the presence of air pollution will increase the inhaled dose of 
air pollutants [5]–[10]. Numerous studies have shown air pollution to be related to 
increased mortality and morbidity, including respiratory and cardiovascular ailments 
[11]–[15]. Adolescents are uniquely susceptible to adverse health effects related to air 
pollution exposure, respiratory inflammation, and decreased lung function [16]–[18].  
We aim to characterize the relationship between inhaled air pollution dose, physical 
activity, and respiratory response among adolescents. Respiratory response measures 
include exhaled nitric oxide (eNO), percent oxidized exhaled breath condensate 
glutathione (%GSSG), percent oxidized exhaled breath condensate cystine (%CYSS), the 
percentage of total oxidized compounds (%Oxidized), and changes in pulmonary 
function, namely, forced vital capacity (FVC), forced expiratory volume in one second 
(FEV1), and forced expiratory flow during the middle half of FVC maneuver (FEF25-75). 
Air pollution measures include the inhaled dose of fine particulate matter (PM2.5), ozone 
(O3), and black carbon (BC), as well as the total particle number count in the inhaled dose 
(PNT). 
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Chapter 2. Review of the Literature 
Airway inflammatory response is widely believed to be a central mechanism in the 
development of adverse health effects related to air pollution exposure [19]–[21].  
Reactive oxygen species and oxidative stress play an important role in airway 
inflammatory response during exposure to airborne particles [19]. Airborne particles are 
believed to trigger oxidative stress resulting in a systemic and pulmonary inflammatory 
response [22]–[24]. A long held theory suggests that airborne particles, which can consist 
of oxidants, trigger a cellular inflammatory response through the direct formation of 
reactive oxygen species outside of the cell wall, resulting in oxidative stress [19]. 
However, emerging evidence suggests that the production of cellular inflammatory 
response may be part of the cell’s endogenous redox process, such that airborne particles, 
whether or not they contain oxidants, can trigger reactive oxygen species generation and 
oxidative stress within the cell walls, further inducing toxicity [19].    
Exhaled nitric oxide (eNO), which is expressed through the respiratory epithelium during 
a process of inducible NO synthase, signals inflammatory mechanisms in the bronchial 
mucosa [25]. eNO is used widely as a marker of airway inflammation and oxidative 
stress [26]–[28]. Air pollution, particularly PM2.5 and O3, is associated with increases in 
eNO [25], [29]. Studies examining physical activity and eNO have produced varying 
results, however, physical activity is generally associated with an acute reduction in the 
concentration of exhaled nitric oxide in healthy subjects [26], [30]–[32]. Sachs-Olsen et 
al. found that vigorous physical activity was significantly associated with an increase in 
eNO among non-asthmatic adolescents, however, the study did not take into account the 
presence of air pollution, the effects of which may have been intensified by increased 
breathing rates [28]. 
Glutathione, an antioxidant which plays a protective role against oxidative stress in the 
airway, is part of the cell’s endogenous redox process [33]. Exhaled breath condensate 
glutathione can be measured in its reduced (GSH) and oxidized (glutathione disulfide, or 
GSSG) forms [34]. Changes in the redox balance, i.e. reductions in the ratio of GSH to 
GSSG (GSH/GSSG), may be a key factor in airway inflammation and oxidative stress 
[33], [35]. In healthy individuals, an acute increase in GSH in response to low PM2.5 
exposure serves as an adaptive defense against oxidative stress [22], [36], [37]. However, 
studies suggest that higher doses of pollutants can overwhelm the body’s endogenous 
protective antioxidant response leading to airway inflammation in response to oxidative 
stress marked by a dose-dependent decrease in GSH/GSSG [36], [38]. Another way to 
measure oxidative stress is to calculate %GSSG, the percentage of the oxidized form, 
GSSG, out of the total glutathione, GSSG + GSH [39]. As %GSSG increases, the ratio of 
GSH/GSSG decreases proportionally.      
Glutathione is a tripeptide made of glutamine, glycine, and cysteine. Similarly to 
GSH/GSSG, the redox balance of the antioxidant cysteine (CYS) to its oxidized form 
cystine (CYSS) serves as a marker of oxidative stress [39]. CYS is a precursor to the 
formation of GHS, however the ratio of CYS/CYSS is independent of the ratio of 
GSH/GSSG as these redox pairs are regulated in different sub-cellular compartments, 
each indicating the presence of diverse oxidative stress responses [39], [40].  Just as 
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GSH/GSSG and %GSSG share a curvilinear, inverse relationship, so do CYS/CYSS and 
%CYSS, the percentage of the oxidized form, CYSS, out of the total, CYSS+CYS. 
Researchers have shown that among mice, diesel exhaust exposure in combination with 
house dust mite exposure is associated with significant increases in %CYSS when 
compared to diesel exhaust or house dust mite exposure alone [39].  
FVC is the maximal volume of air exhaled as forcefully and completely as possible, after 
inhaling to the maximum capacity of the lungs, while FEV1 is the volume of air exhaled 
during the first second of the FVC maneuver, and FEF25-75 is the volume of exhaled air 
during the middle half of the FVC maneuver divided by the time it took to exhale it [41].  
These measures of spirometry are used widely to evaluate general respiratory health [41].  
Rice et al. studied short term exposure to air pollution within levels deemed acceptable 
by the U.S. Environmental Protection Agency (EPA) and found that exposure to higher 
levels of PM2.5, NO2, and O3 is associated with a reduction in FEV1 and FVC [42]. 
Physical activity is also associated with acute reductions in lung function among children 
with asthma [43], [44]. However, among people with healthy lung function, physical 
activity can be expected to cause bronchodilation and slight increases in spirometry 
measures of lung function [43].  
Because both physical activity and air pollution can independently affect lung function 
and markers of oxidative stress and airway inflammation, understanding the interplay 
between these two factors is necessary in order to interpret the effects of air pollution on 
lung function and oxidative stress in the presence of physical activity [45]. Relatively few 
studies investigate interactions between physical activity and air pollution, or adjust for 
the effects of physical activity when exploring the relationship between air pollution and 
lung function or oxidative stress in the airways. Among those that do, the results are 
conflicting. One study of adult hikers found that, adjusting for smoking status, asthma, 
hours hiked, and other covariates, for every 50 ppb increase in mean O3, there was a 2.6% 
decrease in FEV1, and a 2.2% decrease in FVC [46]. Rundell et al. showed that exposure 
to high levels of fine particulate matter during exercise was associated with a decrease in 
FEV1 and FEF25-75, and a non-significant decrease in eNO, while lung function did not 
change after exposure to low levels of fine particulate matter during exercise [47].  Yet 
another study showed while exposure to high concentrations of fine and ultrafine 
particulate matter while exercising were associated (non-significantly) with an immediate 
increase FEV1 and FVC,  6 hours after the exposure participants showed a non-significant 
decrease in these same measures [48]. Kubesch et al. employed a crossover design in 
order to disentangle the effects of physical activity and traffic related air pollution 
(TRAP) on respiratory and inflammatory response. This study examined each participant 
in four conditions: either moderate exercise or rest in either low TRAP or high TRAP 
environments. The researchers concluded that air pollution and physical activity have 
independent effects; exercise was associated with increases in  FEV1, FVC, FEF25-75, and 
surprisingly, eNO and systemic inflammation markers, independent of TRAP levels, 
while increases in course particulate matter were also associated with an increase eNO 
[45]. 
One plausible explanation for contradictory results among studies that examine physical 
activity, air pollution, and respiratory response is that many studies relied on measures of 
air pollution exposure. Yet, mechanisms between air pollution and pulmonary response 
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may be more sensitive to the inhaled dose of air pollution than to ambient air pollution 
exposure alone. The inhaled air pollution dose varies based on ambient air pollution 
levels, individual physical characteristics, and breathing rate at the time of exposure [5]–
[10]. The relationship between physical activity, air pollution, and respiratory response is 
further complicated in that physical activity increases the ventilation rate, increasing the 
inhaled dose of air pollutants as well as particle deposition in human lungs [49], [50]. 
Studying the inhaled dose of air pollution rather than simply the exposure allows the 
researcher to effectively isolate and investigate any possible interactions between 
physical activity and air pollution, and can provide better insight into the effects of each 
of these factors on respiratory response.  
Only a handful of studies have examined the in vivo human respiratory response to 
inhaled doses of air pollution. Buonanno et al. estimated the dose-response relationship 
between daily alveolar deposited surface area dose of airborne particles and measures of 
spirometry and eNO among asthmatic children, finding that a daily dose increase of 
100mm2 was associated with a 4.1 ppb increase in eNO and a 0.8% decrease in FEF25-75 
[51]. One limitation of this study was that the inhalation rate used in the dose calculation 
was estimated using U.S. EPA inhalation rate estimates for different daily activities, 
which were self-reported by the participants over several days.  In a randomized 
controlled cross-over trial, Behndig et al. exposed each group to either diluted diesel 
exhaust at a steady concentration of 100 µg/m3 or filtered air while exercising, in 
randomized order several weeks apart. The researchers found an increase in GSH as well 
as an increase in airway inflammation after diesel exposure in the bronchial airway and 
nasal lavage samples, but not in the alveolar lavage [36]. While this study did not 
specifically measure the inhaled dose of air pollutants, the researchers fixed the 
concentration of diesel exposure and the duration and intensity of exercise, and 
differences in individual ventilation rates and physical characteristics that would affect 
dose were likely controlled by the randomized crossover design.  In another crossover 
study, Adams et al. (2000) regulated the inhaled dose of O3 by exposing participants for 6 
hours to constant levels of zero or 0.12 ppb of O3, while varying the exercise minute 
ventilation (?̇?𝐸) to achieve equivalent ventilation rates (EVR = ?̇?𝐸/body surface area in 
m2) between participants. Each participant, serving as their own control, was exposed to 
0.12 ppb 03 on three separate occasions, at three separate EVR levels, allowing Adams et 
al. to evaluate the effects of four separate O3 dose levels on pulmonary function (0, 1187, 
1384, and 1573 ppb, respectively). The researchers found that FEV1 did not change at an 
O3 dose level of zero, but decreased significantly after exposure at all three O3 dose levels 
above zero. Though a pattern of dose-response was numerically established, the 
differences in effect size between dose levels were not significant [52]. The small sample 
size, and relatively small variation between dose levels in this study may have been 
limiting factors.  While Rundell et al. and Kubesch et al. did not calculate an inhaled dose 
of air pollutants, both studies compared respiratory response after exercise during 
exposure to low and high TRAP environments, and demonstrated dose-response 
relationships between air pollution and respiratory response [45], [47].  
The present analysis examines the acute respiratory effects of physical activity and 
participant-specific inhaled doses of PM2.5, O3, and BC, and the total number of inhaled 
particles (PNT) in healthy, active adolescents. We hypothesized that interactions exist 
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between physical activity and air pollution, and that when controlling for physical 
activity, increased inhaled doses of air pollutants would be associated with a decrease in 
measures of lung function, an increase in eNO, and an increase in the %GSSG, %CYSS, 
and %Oxidized as GSH and CYS are oxidized during the course of exposure. 
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Chapter 3. Methods and Procedures 
3.1 Study Design  
Data for this analysis were provided by the Study of Air Pollution and Physical Activity 
(SAPPA). Data collection for this observational study was conducted at two high schools 
in Atlanta, GA. One high school was set in a wooded, suburban area, while the other was 
set in an urban area close to major roadways. Recruitment took place between October, 
2012 and July, 2014 and data were collected from December, 2012 to July, 2014. 
Approval for this study was provided by the Emory University Institutional Review 
Board and the Georgia State University Institutional Review Board. 
A convenience sample of 126 students was recruited from the two high schools. All 
participants were healthy and engaged in one or more extracurricular sports including 
marching band, track and field, football, soccer, basketball, and cheerleading. Participants 
over the age of 18 provided written consent. Participants under the age of 18 provided 
written assent as well as written parental consent.  
Prior to beginning sports practice and for the duration of the practice session, participants 
were fitted with a chest strap that records continuous measurements of heartrate (HR), 
breathing rate (FB) and motion. Spirometry was conducted prior to and after practice. 
Spirometry measures taken were FVC, FEV1, and FEF25-75. Baseline and post-exposure 
measurements of eNO, GSH, GSSG, CYS, CYSS, and mixed disulfides (MD) were also 
taken. Ambient levels of PM2.5, O3, BC and particle number concentration (PNC) were 
monitored on site throughout the practice session. The cumulative inhaled dose of each 
air pollutant was calculated by multiplying ambient levels of the air pollutant at each 
minute of participation by the participant’s minute ventilation (?̇?𝐸) normalized to FVC, 
and summing the estimated dose for each minute. The method used for air pollution dose 
estimation is described in more detail below. 
3.2 Data Collection  
3.2.1 Predictor Measurement Ambient air pollution levels, including PM2.5, O3, 
BC, and PNC, were measured on site. All air pollution measures were converted to 
concentration/L taken in one minute intervals. Ambient PNC was measured using the 
Hand-held Condensation Particle Counter Model 3007 (TSI Inc., Shoreview, MN).  
Model 3007 is an isopropyl alcohol based condensation particle counter that uses a 
continuous laminar flow method to condense alcohol onto particles in the sample stream 
and an optical detector to count particles. Model 3007 can detect particles larger than 10 
nM. PNC was converted to the number of particles/L. Ambient PM2.5 was measured 
using the Portable Laser Aerosolspectrometer and Dust Monitor, model 1.109 (Grimm 
Aerosol, Ainring, Germany). PM2.5 was measured in µg/m
3, and converted to µg/L. 
Ambient O3 was measured using the Model 49i Ozone Analyzer (Thermo scientific, 
Waltham, MA). The Ozone Analyzer uses a dual cell photometer and employs 
temperature and pressure correction. The instrument can detect ozone concentration from 
0.05 ppb to 200 ppm. O3 was measured in parts per billion and converted to µg/L. In the 
event that on-site ambient pollution measurements failed, one minute ambient levels of 
PM2.5 and O3 were collected from the Ambient Air Monitoring Network site closest to 
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each school that engaged in continuous sampling of PM2.5 and O3.  These two monitoring 
stations, operated by the Georgia Environmental Protection Division, were located 
approximately 2 and 10 miles from the respective schools. Ambient BC was measured 
using the microAeth Model AE51 Aethalometer (AethLabs, San Francisco, CA). The 
aethalometer captures particles on a T60 Teflon-coated borosilicate glass fiber filter and 
uses a photo diode detector to track the rate of change of absorption of light from an 
880nm LED, relative to a reference portion of the filter. BC was measured in ng/m3 and 
converted to ng/L. 
Continuous measurements of HR (beats per minute), FB (breaths per minute), and activity 
level (“the vector addition of three dimensional acceleration expressed as a fraction of 
standard gravity” [6]) were taken in one second intervals using a chest strap with a 
physiological monitoring module, BioHarness™ 3 (Zephyr Technology Corporation, 
Annapolis, MD). These data were collected in real time using laptops on site. The chest 
strap houses two leads which measure the electrical activity of the heart, a chest 
expansion sensor that measures FB, an accelerometer, and a Bluetooth® transmitter. For 
use as a predictor, a cumulative activity level was estimated by averaging one-second 
intervals of activity level over the course of one minute, and summing the activity level 
for all minutes.  
3.2.2 Dose Estimation: Minute ventilation in liters (?̇?𝐸) was estimated using a 
novel method developed by Greenwald et al. [6]. Greenwald describes several models for 
estimating ?̇?𝐸 normalized to FVC using easily collected data [6]. This study employs 
Greenwald’s two predictor model using HR and BR averaged over 30 second intervals to 
estimate a 30 second interval of ?̇?𝐸 normalized to the participant’s highest overall 
measurement of FVC: 
?̇?𝐸
𝐹𝑉𝐶
= −4.2469 + (0.0595𝐻𝑅) + (0.2255𝐵𝑅) 
30 second intervals of ?̇?𝐸 normalized to FVC are then are then multiplied by the 
participant’s highest overall measurement of FVC to produce a unique estimate of ?̇?𝐸 for 
that 30 second interval. The 30 second intervals of ?̇?𝐸 were averaged over one minute and 
multiplied by the ambient level of air pollution concentration per liter measured at that 
minute. An inhaled dose of air pollution was estimated for each minute a participant was 
engaged in sports practice. Minute pollution doses over the entire period were then 
totaled for each participant to produce a measure of the cumulative total air pollution 
dose (rather than the concentration) for each pollutant to test as predictors of respiratory 
response. In order to prevent an error caused by numerical overflow during statistical 
analysis, PNT was divided by 10,000,000, thus converted to tens of millions of particles. 
3.2.3 Outcome Measurements:  Participants provided non-invasive samples of 
breath condensate which were tested for MD, GSH, GSSG, CYS and CYSS using a high 
performance liquid chromatography (HPLC) method for exhaled breath condensate as 
described by Yeh et al., and originally developed for plasma samples by Jones et al. [34], 
[35]. Samples were collected by trained study staff using an R-tube which consists of a 
sterile polypropylene tube with a saliva trap and mouthpiece (Respiratory Research, 
Charlottesville, NC). The tubes were kept chilled at -70°C using an outer aluminum 
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sleeve during collection. Participants were required to engage in tidal breathing for 10 
minutes during sample collection and were instructed to swallow saliva to avoid salivary 
contamination in the collection tube. Breath condensate samples of 300 µL were 
immediately preserved with a solution of chloric acid (5% final), iodoacetic acid (13.4 
mM final) boric acid (0.1 M final), and an internal standard gamma-Glu-Glu (5nM final) 
and stored at -70°C. The percentage of oxidized glutathione was calculated as %GSSG = 
[GSSG / (GSSH + GSH)] x 100. Similarly, the percentage of cystine was calculated as 
%CYSS = [CYSS / (CYSS + CYS)] x 100.  The percentage of total oxidized compounds 
was calculated as %Oxidized = [(GSSG + CYSS + MD) / (GSSG + CYSS + MD +GSH 
+ CYS)] x 100. 
Prior to the performance of spirometry maneuvers, trained study staff measured eNO 
using a hand-held instrument, the NIOX MINO (Aerocrine, Morrisville, NC). The NIOX 
MINO measures nitric oxide using an electrochemical analysis method, adapting 
guidelines established by the American Thoracic Society to this method. The NIOX 
MINO does not analyze the first part of the exhalation in order to avoid sample 
contamination from the mouth. Study staff instructed participants to exhale fully before 
inhaling to total lung capacity through the NIOX MINO filter and exhaling slowly again 
through the filter. Using the NIOX MINO, only one valid measurement is necessary. For 
outdoor sessions, if weather conditions fell outside of the specified operating range for 
the instrument (16 to 30°C, and 20-60% relative humidity), eNO measurements were 
conducted indoors.  The NIOX MINO has been validated in numerous studies [53]–[56].  
Study staff were trained in spirometry test procedures according to guidelines from the 
American Thoracic Society. Staff guided participants as they performed 3 FVC 
maneuvers both before and after each sports practice session using the EasyOne Plus 
handheld spirometer (ndd Medical Technologies Inc., Andover, MA). For each 
maneuver, study staff recorded FVC, FEV1, and FEF25-75. For analysis, data from the 
maneuver with the highest value of FVC out of the three maneuvers were used. FVC and 
FEV1 are expressed in L, while FEF25-75 is expressed in L/sec.  
3.3 Statistical analysis  
SAS 9.4 (SAS Institute Inc., Cary, NC) was used for all data analysis. The α level was set 
a priori to 0.05. Normality of outcome variables was checked visually. In the event that 
outcome variables did not approximate a normal distribution, natural log transformations 
were taken to more closely approximate normality. Multicollinearity between predictors 
was tested and ruled out first by examining bivariate correlations using Pearson’s 
correlation coefficient and scatter plots, and second by regressing each predictor on all 
the others and examining tolerance and variance inflation factors as well as condition 
indices. Observations with missing data were assumed to be missing completely at 
random and excluded from the analysis. For the outcome eNO, all values below five were 
outside the detectable range of the instrument.  A sensitivity analysis was performed to 
assess the sensitivity of the multi-pollutant model to different imputed values: 0.00001, 
2.5, and 5, and “missing”. The three numerical values were selected to represent the 
range of possible values for these observations. For each model in the sensitivity analysis, 
a natural log transformation of eNO was taken after the single imputation at the specified 
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level.  For our final analysis, the nine values of eNO which were below the detectable 
limit were imputed with the value 2.5.   
Data were analyzed using a general linear mixed model with an unstructured covariance 
matrix. In order to select the covariance structure, multi-pollutant models for two 
outcomes (log of eNO and log of %GSSG) were run with unstructured, compound 
symmetry and variance component covariance matrices. Covariance structures were 
compared using the Akaike Information Criterion (AIC).  The final models include a 
random intercept for subject to account for repeated measurements taken on each 
individual.  Random slopes for the effect of time and time*occurrence to account for 
repeated measurements taken on each individual as well as the repeated participation of 
subjects during multiple practice sessions were tested and left out of the model due to 
estimability problems, which are described in more detail in the results section. Separate 
models were constructed for each outcome. All models included fixed effects for each air 
pollutant dose*time and activity*time to evaluate the change between pre and post 
measurements. All models controlled for BMI, sex, and age. The basic multi-pollutant 
model for each outcome contained terms for PM2.5, O3, and PNT, but not BC.  The basic 
multi-pollutant model was as follows: 
𝑌𝑖 = 𝛽0 + 𝛽1(𝑃𝑀2.5𝑑𝑜𝑠𝑒)𝑖 +  𝛽2(𝑃𝑁𝑇𝑑𝑜𝑠𝑒)𝑖 + 𝛽3(𝑂3𝑑𝑜𝑠𝑒)𝑖+ 𝛽4(𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦)𝑖 +
𝛽5(𝑡𝑖𝑚𝑒)𝑖 + 𝛽6(𝑃𝑀2.5𝑑𝑜𝑠𝑒 ∗ 𝑡𝑖𝑚𝑒)𝑖 + 𝛽7(𝑃𝑁𝑇𝑑𝑜𝑠𝑒 ∗ 𝑡𝑖𝑚𝑒)𝑖 + 𝛽8(𝑂3𝑑𝑜𝑠𝑒 ∗
𝑡𝑖𝑚𝑒)𝑖 +  𝛽9(𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦 ∗ 𝑡𝑖𝑚𝑒)𝑖 +  𝛽10(𝑠𝑒𝑥)𝑖 + 𝛽11(𝑎𝑔𝑒)𝑖+ 𝛽12(𝐵𝑀𝐼)𝑖 + 𝛾𝑖 + 𝜀𝑖  
For each multi-pollutant model, interaction terms between activity level, time, and each 
type of air pollution were each tested individually in this multivariable model and 
retained in the model only if the interaction term was significant.  
In addition, single pollutant models were constructed for each outcome and compared to 
multi-pollutant models. Single pollutant models, as follows, were constructed separately 
for each pollutant, including black carbon: 
𝑌𝑖 = 𝛽0 + 𝛽1(𝑑𝑜𝑠𝑒)𝑖 + 𝛽2(𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦)𝑖 + 𝛽3(𝑡𝑖𝑚𝑒)𝑖 + 𝛽4(𝑑𝑜𝑠𝑒 ∗
𝑡𝑖𝑚𝑒)𝑖 +  𝛽5(𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦 ∗ 𝑡𝑖𝑚𝑒)𝑖 +  𝛽6(𝑠𝑒𝑥)𝑖 + 𝛽7(𝑎𝑔𝑒)𝑖+ 𝛽8(𝐵𝑀𝐼)𝑖 + 𝛾𝑖 + 𝜀𝑖  
Because a single unit change in air pollution dose is relatively miniscule and the 
interpretation of a change this small holds little practical value, final results are presented 
as the change from baseline in outcome measurement per interquartile range increase in 
inhaled dose or activity level (∆).  For natural log transformed outcomes, estimates are 
presented as a percent change and were calculated as ∆= [(𝑒𝑥𝑝𝛽𝑡𝑖𝑚𝑒+ 𝛽𝑑𝑜𝑠𝑒∗𝑡𝑖𝑚𝑒×𝐼𝑄𝑅) −
1] × 100% where βtime is the coefficient estimate for time of outcome measurement 
(pre or post, coded as 0,1) in the mixed model, βdose*time is the coefficient estimate for 
the dose by time interaction, and the IQR is the interquartile range of the predictor in 
question. For non-transformed outcomes, estimates are presented as an absolute change 
and were calculated as ∆ = 𝛽𝑡𝑖𝑚𝑒 +  𝛽𝑑𝑜𝑠𝑒 ∗ 𝑡𝑖𝑚𝑒 × 𝐼𝑄𝑅.   
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Chapter 4. Results 
4.1 Descriptive Analysis 
Participant characteristics are 
presented in Table 1. A total of 
126 participants were recruited 
to and included in the study. The 
average age of all participants 
was 16 years and 4.5 months 
(16.38 ±1.34). For males, the 
average age was 16.49 (±1.37), 
and for females, 16.16 (±1.28). 
A total of 85 (67.46%) 
participants were male, and 41 
(32.54%) were female. 122 
(96.83%) participants were black 
while the remaining 4 (3.17%) 
were Hispanic. The median BMI 
among all participants was 23.53 (IQR 20.93-25.90). Among females, the median BMI 
was 22.33 (IQR: 20.27-24.56), by comparison, the 50th percentile BMI for 16 year old 
females in the U.S. is 20.5 [57]. Among males, the median BMI was 23.54 (IQR: 21.57-
26.21), by comparison, the 50th percentile BMI for 16 year old males in the U.S. is 
around 20.83 [58]. All participants were non-smokers. No participants had a current 
physician’s diagnosis of asthma. A summary of participant air pollution doses and 
activity levels is presented in Table 2.   A summary of outcome characteristics at baseline 
and follow-up is presented in Table 3.  
 
Predictor (unit) Median (IQR) Missing n(%)
PM2.5 Dose (µg) 34.33 (19.74-50.72) 29 (11.74%)
PNT Dose (1E+7 particles) 1788.04 (1015.74-3384.07) 42 (17%)
O3 Dose (µg) 249.8 (56.05-401.7) 44 (17.81%)
BC Dose (ng) 1340.8 (883.35-2562.9) 64 (25.91%)
Activity Total 28.474 (20.17-35.16) 29 (11.74%)
*Some participants participated on more than one observation day for a total of 247 observations.           
Abbreviations: BC, black carbon; IQR, interquartile range; n, number; O3, ozone; PM2.5 , particulate matter 2.5; 
PNT, particle number total; SD, standard deviation;
Table 2.
Air Pollution Dose and Activity Level Characteristics (n=247*)
n (%) Missing n (%)
Female 41 (32.54) 0
Male 85 (67.46) 0
Black 122 (96.83) 0
Hispanic 4 (3.17) 0
Rural 68 (53.97) 0
Urban 58 (46.03) 0
16.38 (1.34) 3 (0.023%)
23.53 (20.93,25.90) 1 (0.008%)BMI; Median (IQR) 
Table 1. 
Participant Characteristics (n=126)
Abbreviations: BMI, body mass index; IQR, interquartile range; n, 
number; SD, standard deviation;
Characteristics
Sex 
Race 
School
Age; Mean(SD); 
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4.2 Missing Data  
Missing data are reported in Tables 1, 2, and 3. For missing values of air pollution dose 
measurement, covariate values were not measurable as a result of instrument error. 
Missing values of %GSSG, %CYSS, and %Oxidized are a result either of the 
contamination of the sample or because of a failure to collect the minimum amount of 
exhaled breath condensate necessary for analysis. Missing values of spirometry measures 
are a result of measurement error. The numbers of observations analyzed in each model 
are presented in Tables 5 and 6.  
4.3 Multicollinearity Testing  
The highest bivariate correlation between any two predictors, PM2.5 and 03, was r=.67.  
The lowest tolerance level found was 0.35, with a variance inflation factor of 2.85. No 
condition indices were higher than 5 when adjusting out the intercept using the 
“collinoint” option in SAS.  
4.4 Covariance Structure and Random Effects Selection  
The sparseness of frequency counts in the number of repeated occurrences created an 
estimation problem for all models that included a random effect term for 
time*occurrence. While some participants participated on up to five separate occurrences, 
very few participants had more than three occurrences. In addition, large amount of 
missing data for some predictors and outcomes may have hindered estimability for 
models with random effect terms for time. In models for both eNO and %GSSG, 
unstructured and variance component structured matrices were tied for the lowest AIC.  
The unstructured covariance structure was ultimately selected because it is the most 
Outcome Baseline Missing n(%) Follow-up Missing n(%)
eNO ; Median (IQR) 18 (12-33) 1 (0.4%) 18 (11-32) 21 (8.5%)
Log of eNO; Mean (SD) 2.98 (0.83) 1 (0.4%) 2.94 (0.83) 21 (8.5%)
GSSG; Median (IQR) 0.41 (0.13-1.3) 115 (46.6%) 0.66 (0.17-2.28) 129 (52.2%)
%GSSG; Median (IQR) 1.94 (0.93-3.59) 117 (47.4%) 2.34 (1.1-5.16) 129 (52.2%)
Log of %GSSG; Mean (SD) 0.52 (1.11) 117 (47.4%) 0.70 (1.28) 129 (52.2%)
CYSS; Median (IQR) 0.97 (0.62-1.57) 115 (46.6%) 1.15 (0.71-1.79) 129 (52.2%)
%CYSS; Median (IQR) 74.26 (42.09-82.71) 115 (46.6%) 59.87 (27.09-82.97) 129 (52.2%)
Log of %CYSS; Median (IQR) 4.31 (3.74-4.42) 115 (46.6%) 4.09 (3.3-4.42) 129 (52.2%)
%Oxidized; Median (IQR) 9.08 (5.65-13.81) 115 (46.6%) 9.91 (6.01-13.1) 129 (52.2%)
Log of %Oxidized; Mean (SD) 2.2 (0.68) 115 (46.6%) 2.19 (0.62) 129 (52.2%)
FEF25-75; Mean (SD) 3.77 (1.13) 41 (17%) 3.58 (1.09) 50 (20.2%)
FEV1; Mean (SD) 3.27 (0.66) 44 (17.8% 3.21 (0.63) 55 (22.3%)
FVC; Mean (SD) 3.75 (0.75) 41 (17%) 3.72 (0.73) 49 (19.8%)
Table 3.
Outcome Characteristics (n=247*)
*Some participants participated on more than one observation day for a total of 247 observations. Abbreviations: 
%CYSS, percent oxidized cysteine; %GSSG, percent oxidized glutathione; %Oxidized, total percent oxidized of measured 
antioxidants; CYSS, cystine; eNO, exhaled nitric oxide; FEF25-75, forced expiratory flow; FEV1, forced expiratory volume 
in one second; FVC, forced vital capacity; GSSG, glutathione disulfide;  IQR, interquartile range; n, number; SD, 
standard deviation;
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flexible of the covariance structures.  By 
comparison, the variance component 
structure assumes independence of within-
subject measurements, an assumption that 
is not appropriate for our data [59]. Results 
for covariance structure selection are 
presented in Table 4.  
4.5 Multi-pollutant General Linear 
Mixed Models 
The results of all multi-pollutant models 
are presented in Table 5. Significant 
associations are seen between O3 and 
%Oxidized, and PNT and FEF25-75.  A one 
IQR (i.e. 345.64 µg) increase in O3 inhaled 
dose is associated with a 29.16% average 
decrease from baseline in the percentage of 
total oxidized compounds. A one IQR (i.e. 
23,683,300,000 particle) increase in PNT 
inhaled dose is significantly associated 
with an average decrease in FEF25-75 of 
0.168 L/second from baseline. A 
statistically significant association is also 
seen between PNT and eNO, however, this 
association is attenuated by activity level. 
At a total activity level of zero, a one IQR (i.e. 23,683,300,000 particle) increase in PNT 
inhaled dose is associated with an average increase in eNO of 14.77% above baseline, 
while at the 25th quartile activity level of 20.17, a one IQR increase in PNT was 
associated with a smaller, 2.59%, increase in eNO. As activity levels rise, the relationship 
between PNT and eNO becomes negative. At the median activity level of 28.474, a one 
IQR increase in PNT is associated with a 2.05% decrease in eNO, and at the 75th quartile 
of activity level, 35.15, PNT is associated with a decrease of 5.62% in eNO.  A graphical 
depiction of this relationship is found in Figure 1. Similarly, the relationship between O3 
and %CYSS is attenuated by activity level, with increasing activity levels corresponding 
to smaller changes from baseline for a constant level of 03. When activity level is zero, an 
IQR change of 345.64 µg O3 is associated with a 49.81% decrease in %CYSS. However, 
at the 25th quartile of activity level, the decrease weakens to 36.71%, and at the 75th 
percentile of activity level, a 24.81% decrease from baseline is seen for %CYSS. See 
Figure 2 for a depiction of this relationship.  
Random effects AIC
Compound Symmetry
Intercept* 606.6
Intercept, Time 699.7
Unstructured
Intercept 604.6
Intercept, Time* 605.8
Variance component
Intercept 604.6
Intercept, Time* 604.6
Compound Symmetry
Intercept* 706.5
Intercept, Time 707.2
Unstructured
Intercept 704.5
Intercept, Time* 706.2
Variance component
Intercept 704.5
Intercept, Time* 704.5
*Indicates a problem with model estimability. Abbreviations:  
%GSSG, percent oxidized glutathione; AIC, Akaike information 
criterion; eNO, exhaled nitric oxide;
Log of eNO 
Log of %GSSG
Table 4. 
Covariance structure comparison
Covariance matrix 
structure
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Figure 1. The relationship between PNT and eNO is moderated by activity level 
 
Figure 2. The relationship between 03 inhaled dose and %CYSS is moderated by activity level 
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4.6 Single Pollutant General Linear Mixed Models 
The results of all single pollutant models are presented in Table 6. In single pollutant 
models, significant relationships are observed between different types of air pollution 
doses and %CYSS, %Oxidized, FEF25-75, and FEV1. A one IQR increase in PM2.5 inhaled 
dose (i.e. 30.97 μg) is associated with a 6.9% decrease in %CYSS, and a 9.68% increase 
in %Oxidized, however, at inhaled dose levels of PM2.5 higher than 41μg, the relationship 
between PM2.5 and %Oxidized becomes negative. A one IQR increase in PNT (i.e. 
23,683,300,000 particle) is associated with a 0.179 L/second decrease in FEF25-75. A one 
IQR increase in ozone inhaled dose (i.e. 345.64 µg) is associated with a 31.42% decrease 
in %CYSS, and an 18.16% decrease in %Oxidized. A one IQR increase in black carbon 
(i.e. 1680 ng) is associated with a 23.35% decrease in %CYSS, a 12.67% decrease in 
%Oxidized, and a 0.028L decrease in FEV1.  
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4.7 Sensitivity Analysis 
Nine observations of eNO were flagged as below the detectable limit during data 
collection. In multi-pollutant models, significant coefficient estimates for PNT*Time 
Outcome  Predictor n* P-value
PM2.5 Dose x time 418 0.000147 0.00111 -0.0020 0.002324 10.37 0.894
PNT  Dose x time 392 0.000022 1.3E-05 -4.35E-06 0.00005 12.13 0.102
O3  Dose x time 395 0.000057 0.00014 -0.00021 0.000326 10.07 0.6751
BC x time 348 0.000015 1.4E-05 -0.00001 0.000042 8.36 0.2744
PM2.5 Dose x time 222 -0.00344 0.00672 -0.01673 0.009847 -7.96 0.6093
PNT  Dose x time 218 -0.00018 0.00009 -0.00036 1.29E-06 -49.21 0.0517
O3  Dose x time 205 -0.00104 0.00072 -0.00247 0.000392 -17.03 0.1529
BC x time 183 -0.00019 0.00017 -0.00053 0.000145 -26.52 0.2615
PM2.5 Dose x time 224 -0.00709 0.00257 -0.01218 -0.002 -6.90 0.0067
PNT  Dose x time 221 -0.00002 3.6E-05 -0.0001 0.000046 -14.73 0.4954
O3  Dose x time 206 -0.00087 0.00027 -0.0014 -0.00035 -31.42 0.0014
BC x time 184 -0.00014 0.00007 -0.00028 -5.98E-07 -23.35 0.049
PM2.5 Dose x time 224 -0.00808 0.00372 -0.01544 -0.00072 9.68 0.0316
PNT  Dose x time 221 -0.00009 5.2E-05 -0.0002 0.000011 -12.38 0.0801
O3  Dose x time 206 -0.00135 0.00043 -0.00221 -0.0005 -18.16 0.0022
BC x time 184 -0.00023 9.4E-05 -0.00041 -0.00004 -12.67 0.0167
PM2.5 Dose x time 362 -0.00116 0.00262 -0.00633 0.003997 -0.158 0.6573
PNT  Dose x time 339 -0.00006 2.7E-05 -0.00011 -7.86E-06 -0.179 0.0245
O3  Dose x time 340 -0.00033 0.00035 -0.00101 0.000353 -0.227 0.3452
BC x time 311 -0.00005 3.1E-05 -0.00011 0.000011 -0.263 0.1061
PM2.5 Dose x time 355 -0.00023 0.00105 -0.0023 0.001839 0.019 0.8256
PNT  Dose x time 332 -5.68E-06 1.1E-05 -0.00003 0.000016 -0.004 0.5991
O3  Dose x time 333 -0.00005 0.00014 -0.00032 0.000229 0.012 0.7456
BC x time 304 -0.00002 1.2E-05 -0.00005 -8.63E-07 -0.028 0.0421
PM2.5 Dose x time 363 -0.00006 0.00102 -0.00207 0.001945 -0.0026 0.9498
PNT  Dose x time 340 0.00001 1.1E-05 -0.00001 0.000031 -0.0146 0.3392
O3  Dose x time 341 0.000028 0.00014 -0.00024 0.000296 -0.0035 0.8361
BC x time 311 -0.00002 1.2E-05 -0.00004 7.32E-06 -0.0590 0.1805
Observations with missing data were excluded from the analysis. For each outcome, four separate models were run. The models include 
the single pollutant predictor term listed as well as activity level, sex, age and BMI. 
*n represents the number of measurements included in the analysis out of 494 total measurements. 
Abbreviations: %CYSS, percent oxidized cysteine; %GSSG, percent oxidized glutathione; %Oxidized, total percent oxidized of measured 
antioxidants;  BC, black carbon; BMI, body mass index; CI, confidence interval; CYSS, cystine; eNO, exhaled nitric oxide; FEF 25-75, forced 
expiratory flow; FEV1, forced expiratory volume in one second; FVC, forced vital capacity; GSSG, glutathione disulfide; IQR, interquartile 
range; O3, ozone; n, number;  PM2.5 , particulate matter 2.5; PNT, particle number total; SE, standard error;
Standard 
error
Estimated β 
Coefficient
Log of %GSSG 
Log of %CYSS 
Log of %Oxidized
FEF25-75
FEV1 
FVC
Table 6. 
Single Pollutant Models: Associations between Air Pollution and Respiratory Response
95% CI 
Δ for IQR 
increase in dose
Log of eNO
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using imputed values of 2.5 and 5, were not significant for imputed values of 0.00001 and 
missing.  Significant coefficient estimates for PNT*Activity*Time using an imputed 
value of 2.5 were not significant for imputed values of 0.00001, 5 and missing. 
Remarkable differences in effect size and standard error were noted for models using an 
imputed value of .00001. Results of the sensitivity analysis are presented in Table 7.   
   
Model term
Imputed 
value P-value
time
0.00001 -1.244 0.8058 -2.83100 0.34300 -- 0.124
2.5 -0.122700 0.13 -0.38200 0.13660 -- 0.352
5 -0.050050 0.12 -0.27750 0.17740 -- 0.665
missing -0.019570 0.12 -0.25200 0.21290 -- 0.868
PM2.5 Dose x time
0.00001 0.009186 0.01 -0.01544 0.03381 -61.69 0.463
2.5 0.000616 0.001988 -0.00330 0.00453 -9.84 0.757
5 0.000141 0.001743 -0.00329 0.00357 -4.47 0.935
missing -0.00006 0.001737 -0.00349 0.00336 -2.12 0.971
0.00001 0.000352 0.000275 -0.00019 0.00089 -33.67 0.201
2.5 0.00011 0.000047 0.00002 0.00020 14.77 0.019
5 0.000091 0.000041 0.00001 0.00017 17.99 0.027
missing 0.000078 0.000042 -3E-06 0.00016 17.96 0.060
0.00001 -0.00035 0.00142 -0.00315 0.00245 -74.46 0.805
2.5 -0.00008 0.000226 -0.00053 0.00036 -13.96 0.719
5 -0.00007 0.000198 -0.00046 0.00032 -7.16 0.736
missing -0.00005 0.000198 -0.00044 0.00033 -3.62 0.782
0.00001 0.01297 0.02919 -0.04451 0.07045 -64.99 0.657
2.5 0.001112 0.004786 -0.00831 0.01054 -10.06 0.817
5 0.000081 0.004199 -0.00819 0.00835 -4.77 0.985
missing -0.00032 0.004236 -0.00867 0.00802 -2.41 0.940
0.00001 -6.7E-06 8.33E-06 -0.00002 0.00001 -- 0.420
2.5 -2.8E-06 1.42E-06 -0.00001 -1E-08 -- 0.049
5 -2.4E-06 1.25E-06 -5E-06 4E-08 -- 0.054
missing -2.1E-06 1.26E-06 -5E-06 4E-07 -- 0.095
PNC Dose x Activity x time
Table 7.
Sensitivity Analysis for eNO values below the detectable limit
Estimated β 
Coefficient
Standard 
error 95% CI
Δ for IQR 
increase in dose
PNC  Dose x time
Values of eNO that were below the detectable limit were imputed prior to taking a natural log transformation of eNO. 
Abbreviations: CI, confidence interval; CYSS, cystine; eNO, exhaled nitric oxide; IQR, interquartile range; O3, ozone; n, 
number;  PM2.5 , particulate matter 2.5; PNT, particle number total; SE, standard error;
O3  Dose x time
Activity Level x time
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Chapter 5. Discussion 
We hypothesized that interactions exist between physical activity and air pollution, and 
that when controlling for physical activity, increased inhaled doses of air pollutants 
would be associated with a decrease in measures of lung function, an increase in eNO, 
and an increase in the %GSSG, %CYSS, and %Oxidized as GSH and CYS are oxidized 
during the course of exposure. In keeping with the hypothesis, we found that in both 
single and multi-pollutant models, an increase in the particle number total in the inhaled 
dose (PNT) is associated with a decrease in lung function, FEF25-75, and in multi-pollutant 
models only, an increase in airway inflammation marked by exhaled nitric oxide. 
Furthermore, we see that in multi-pollutant models, the relationship between PNT and 
eNO, as well as the relationship between O3 and %CYSS are both attenuated by activity 
level. Contrary to our hypothesis, in multi pollutant models, an increased inhaled dose of 
O3 is associated with a decrease in %CYSS and %Oxidized. Likewise, in single pollutant 
models, increasing inhaled doses of O3 and BC are associated with a decrease in %CYSS 
and %Oxidized. An increasing inhaled dose of PM2.5, however, is associated with a 
decrease in %CYSS, but attenuates an increase in %Oxidized, and at doses higher than 
41μg is associated with a decrease in %Oxidized.  No significant relationships were 
found in multi-pollutant models between any type of air pollution and %GSSG, FEV1, or 
FVC. In single pollutant models, BC was associated with a decrease in FEV1.  
This study has several limitations which warrant consideration and suggest that the 
results of this study should be interpreted with caution. First, the non-probability sample 
is not representative of the general population of adolescents in the U.S., thus the results 
are not generalizable to all healthy adolescents. Second, the data collection process for 
the Study of Air Pollution and Physical Activity is still ongoing and the study has not yet 
reached it intended sample size, as such, this analysis may be underpowered. Third, due 
to the difficulty of measuring multiple outcomes quickly among energetic adolescents in 
a field setting, as well as repeated air quality monitoring equipment failures, much of the 
data are missing. While the missingness of the data is unlikely to be correlated with either 
the predictors or the outcomes, with the exception of observations where eNO is below 
the detectable limit, there is still a possibility that excluding observations with missing 
data could have introduced bias. Furthermore, missing data may have been at the source 
of the estimability problems of the models with random effects for time and 
time*occurrence. Not including these random effects in the final models may have 
underestimated the standard error and inflated the possibility of type one error. Fourth, 
while it is important to acknowledge that a single imputation of the value 2.5 is unlikely 
to approximate well the actual distribution of values of eNO below the detectable limit, it 
is clear that leaving these values as missing would ignore important information about the 
nature of their missingness, and would bias our results towards the null. The value 2.5 
represents a best guess, avoiding extremes within the possible range of real values. Given 
the sensitivity of the eNO model to different imputed values of eNO, the results of this 
model should be interpreted with caution. In light of these limitations and the present 
findings, we offer five considerations:   
First, that there are no significant relationships observed between air pollution and 
%GSSG in either multi-pollutant models or single pollutant models is consistent with 
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similar findings which showed that, in mouse models, combined diesel exhaust particle 
and house dust mite exposure had significant effects on the CYS redox state but no effect 
on the GSH redox state, which suggests that the CYS redox state may be a better 
biomarker for oxidative stress induced by diesel exhaust particles and allergens [39].   
Second, the presence of unmeasured factures could have affected the results. the study by 
Lee et al., suggests that diesel exhaust particles alone do not significantly alter the redox 
balance among mice, but that in combination with allergens, diesel exhaust can induce 
oxidative stress and may amplify the cellular inflammatory response [39].  The present 
study did not measure or control for the presence of allergens and thus the possibility of a 
synergistic relationship between allergens and pollution exposure could introduce bias. 
Another unmeasured factor that may lead to variability in redox status after exposure to 
particulate matter is the oxidative potential of the specific mix of particles inhaled at the 
time of exposure. Several studies have demonstrated that for a given mass concentration 
of particulate matter the oxidative potential can vary according to the composition, 
particularly the presence of redox-active metals, which will be affected by proximity to 
roadways and other sources of particulate pollution [22], [60], [61].   
Third, while the associations between pollutant dose and markers of oxidative stress are 
the opposite of what was hypothesized, the negative relationship between air pollution 
and percent of oxidized compounds may signal the predominance of a protective 
antioxidant response to oxidative stress induced by increasing O3  dose [22]. These 
findings are consistent with other research that has shown a nonsignificant increase in 
CYS, and a corresponding decrease in %CYSS after diesel exhaust exposure in mice 
when compared to saline exposure [39]. Similarly, Behndig et al. observed an early 
adaptive increase in the antioxidant GSH in both the bronchial lavage and the alveolar 
compartment within six hours of diesel exhaust particle exposure. This increase in 
antioxidants was subsequently overwhelmed and followed by the development of an 
inflammatory response in the bronchial lavage but not in the alveolar compartment [36].  
The authors offer the explanation that within the alveolar compartment, deeper into the 
airway, the tissue particle doses are lower, and thus the cells’ adaptive antioxidant 
response can cope with the onslaught of oxidants, demonstrating a dose threshold for 
respiratory response to diesel exhaust [36].  
Fourth, with a few exceptions, single pollutant and multi-pollutant models reflected 
similar significant relationships between air pollutant inhaled doses and outcomes, 
though varying slightly in effect size. That PM2.5 showed significant relationships with 
markers of oxidative stress in single pollutant models, but not in multi-pollutant models, 
may reflect that in the single pollutant model, the relationship between PM2.5 and 
oxidative stress is confounded by O3. The degree of correlation between PM2.5 and O3 is 
moderate, with Pearson’s r=0.67. This suggests that multi-pollutant models may be 
necessary in order to truly evaluate the separate effects of each air pollutant, holding all 
other pollutant levels constant. However, this information comes with a cost, namely, the 
increased number of parameters in multi-pollutant models sacrifice power and increase 
the chance of a type II error. Thus, it is also possible that both types of air pollution have 
relationships with oxidative stress but we were not able to measure it. Furthermore, in the 
multi-pollutant models explored in this analysis, BC was not included because of the high 
rate of missing data for this pollutant. In addition to black carbon, other types of air 
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pollutants and interactions between pollutants were not examined in this analysis. Future 
research that is adequately powered to examine a wider range of pollutants and 
interactions between pollutants in a single multivariable model would help to tease apart 
the individual effects of each different pollutant.  
Fifth, in the present study an increase in PNT is associated with both an apparent increase 
in the antioxidant CYS and with airway inflammation marked by an increase in eNO, 
suggesting that high concentration doses may have overwhelmed the antioxidant 
response. The present study only considers the total dose over a period of several hours, 
and as such ignores variability in dose concentration over the exposure period. However, 
someone who inhales a high cumulative dose despite a low activity level is likely 
breathing in a higher concentration of air pollution in a shorter period of time than a 
person who receives the same dose with a high activity level, thus the differences seen 
according to activity level may actually reflect differences in dose concentration over 
time. The moderating effects of activity level on eNO and %CYSS suggest that peaks of 
high concentration inhaled doses of air pollution may overwhelm cells’ endogenous 
redox balance resulting in increased airway inflammation. Further research that examines 
the relationships between dose peaks at the minute level and oxidative stress and 
inflammation over time could help to determine whether a high concentration dose over a 
short period of time has a different effect than a lower concentration dose over a longer 
period of time. 
  
 21 
 
References 
[1] D. Hupin, F. Roche, V. Gremeaux, J.-C. Chatard, M. Oriol, J.-M. Gaspoz, J.-C. 
Barthélémy, and P. Edouard, “Even a low-dose of moderate-to-vigorous physical 
activity reduces mortality by 22% in adults aged ≥60 years: a systematic review and 
meta-analysis,” Br. J. Sports Med., vol. 49, no. 19, pp. 1262–1267, Oct. 2015. 
[2] G. A. Kaplan, W. J. Strawbridge, R. D. Cohen, and L. R. Hungerford, “Natural 
history of leisure-time physical activity and its correlates: associations with 
mortality from all causes and cardiovascular disease over 28 years,” Am. J. 
Epidemiol., vol. 144, no. 8, pp. 793–797, Oct. 1996. 
[3] S. C. Moore, A. V. Patel, C. E. Matthews, A. Berrington de Gonzalez, Y. Park, H. 
A. Katki, M. S. Linet, E. Weiderpass, K. Visvanathan, K. J. Helzlsouer, M. Thun, S. 
M. Gapstur, P. Hartge, and I.-M. Lee, “Leisure time physical activity of moderate to 
vigorous intensity and mortality: a large pooled cohort analysis,” PLoS Med., vol. 9, 
no. 11, p. e1001335, 2012. 
[4] B. Kumar, R. Robinson, and S. Till, “Physical activity and health in adolescence,” 
Clin. Med. Lond. Engl., vol. 15, no. 3, pp. 267–272, Jun. 2015. 
[5] T. Cole-Hunter, L. Morawska, I. Stewart, R. Jayaratne, and C. Solomon, “Inhaled 
particle counts on bicycle commute routes of low and high proximity to motorised 
traffic,” Atmos. Environ., vol. 61, pp. 197–203, Dec. 2012. 
[6] R. Greenwald, M. J. Hayat, J. Barton, and A. Lopukhin, “A Novel Method for 
Quantifying the Inhaled Dose of Air Pollutants Based on Heart Rate, Breathing Rate 
and Forced Vital Capacity,” PloS One, vol. 11, no. 1, p. e0147578, 2016. 
[7] J. Kawahara, S. Tanaka, C. Tanaka, Y. Aoki, and J. Yonemoto, “Daily Inhalation 
Rate and Time-Activity/Location Pattern in Japanese Preschool Children,” Risk 
Anal. Int. J., vol. 32, no. 9, pp. 1595–1604, Sep. 2012. 
[8] M. Nyhan, A. McNabola, and B. Misstear, “Comparison of particulate matter dose 
and acute heart rate variability response in cyclists, pedestrians, bus and train 
passengers,” Sci. Total Environ., vol. 468–469, pp. 821–831, Jan. 2014. 
[9] R. t. O’Donoghue, L. w. Gill, R. j. McKevitt, and B. Broderick, “Exposure to 
hydrocarbon concentrations while commuting or exercising in Dublin,” Environ. 
Int., vol. 33, no. 1, pp. 1–8, Jan. 2007. 
[10] C. a. Ramos, J. f. Reis, T. Almeida, F. Alves, H. t. Wolterbeek, and S. m. Almeida, 
“Estimating the inhaled dose of pollutants during indoor physical activity,” Sci. 
Total Environ., vol. 527/528, pp. 111–118, Sep. 2015. 
[11] L. Curtis, W. Rea, P. Smith-Willis, E. Fenyves, and Y. Pan, “Adverse health effects 
of outdoor air pollutants,” Environ. Int., vol. 32, no. 6, pp. 815–830, Aug. 2006. 
[12] D. W. Dockery, “Epidemiologic evidence of cardiovascular effects of particulate air 
pollution,” Environ. Health Perspect., vol. 109 Suppl 4, pp. 483–486, Aug. 2001. 
[13] E. Fuertes, J. Bracher, C. Flexeder, I. Markevych, C. Klümper, B. Hoffmann, U. 
Krämer, A. von Berg, C.-P. Bauer, S. Koletzko, D. Berdel, J. Heinrich, and H. 
Schulz, “Long-term air pollution exposure and lung function in 15 year-old 
adolescents living in an urban and rural area in Germany: The GINIplus and 
LISAplus cohorts,” Int. J. Hyg. Environ. Health, vol. 218, no. 7, pp. 656–665, Oct. 
2015. 
 
  
22 
 
[14] A. Peters, D. W. Dockery, J. E. Muller, and M. A. Mittleman, “Increased particulate 
air pollution and the triggering of myocardial infarction,” Circulation, vol. 103, no. 
23, pp. 2810–2815, Jun. 2001. 
[15] A. Valavanidis, K. Fiotakis, and T. Vlachogianni, “Airborne particulate matter and 
human health: toxicological assessment and importance of size and composition of 
particles for oxidative damage and carcinogenic mechanisms,” J. Environ. Sci. 
Health Part C Environ. Carcinog. Ecotoxicol. Rev., vol. 26, no. 4, pp. 339–362, 
Dec. 2008. 
[16] P. L. Kinney, G. D. Thurston, and M. Raizenne, “The effects of ambient ozone on 
lung function in children: a reanalysis of six summer camp studies,” Environ. 
Health Perspect., vol. 104, no. 2, pp. 170–174, Feb. 1996. 
[17] M. Raizenne, R. Dales, and R. Burnett, “Air pollution exposures and children’s 
health,” Can. J. Public Health Rev. Can. Santé Publique, vol. 89 Suppl 1, pp. S43–
48, S47–53, Jun. 1998. 
[18] L. A. Rodriguez-Villamizar, A. Magico, A. Osornio-Vargas, and B. H. Rowe, “The 
effects of outdoor air pollution on the respiratory health of Canadian children: A 
systematic review of epidemiological studies,” Can. Respir. J. J. Can. Thorac. Soc., 
vol. 22, no. 5, pp. 282–292, Oct. 2015. 
[19] J. Øvrevik, M. Refsnes, M. Låg, J. A. Holme, and P. E. Schwarze, “Activation of 
Proinflammatory Responses in Cells of the Airway Mucosa by Particulate Matter: 
Oxidant- and Non-Oxidant-Mediated Triggering Mechanisms,” Biomolecules, vol. 
5, no. 3, pp. 1399–1440, Jul. 2015. 
[20] F. J. Kelly and J. C. Fussell, “Air pollution and airway disease,” Clin. Exp. Allergy, 
vol. 41, no. 8, pp. 1059–1071, Aug. 2011. 
[21] Salvi and Holgate, “Mechanisms of particulate matter toxicity,” Clin. Exp. Allergy, 
vol. 29, no. 9, pp. 1187–1194, Sep. 1999. 
[22] F. J. Kelly and J. C. Fussell, “Linking ambient particulate matter pollution effects 
with oxidative biology and immune responses,” Ann. N. Y. Acad. Sci., vol. 1340, pp. 
84–94, Mar. 2015. 
[23] S. Salvi, A. Blomberg, B. Rudell, F. Kelly, T. Sandström, S. T. Holgate, and A. 
Frew, “Acute inflammatory responses in the airways and peripheral blood after 
short-term exposure to diesel exhaust in healthy human volunteers,” Am. J. Respir. 
Crit. Care Med., vol. 159, no. 3, pp. 702–709, Mar. 1999. 
[24] S. S. Salvi, C. Nordenhall, A. Blomberg, B. Rudell, J. Pourazar, F. J. Kelly, S. 
Wilson, T. Sandström, S. T. Holgate, and A. J. Frew, “Acute Exposure to Diesel 
Exhaust Increases IL-8 and GRO- α  Production in Healthy Human Airways,” Am. 
J. Respir. Crit. Care Med., vol. 161, no. 2, pp. 550–557, Feb. 2000. 
[25] A. M. K. Alving, “Chapter 1. Basic aspects of exhaled nitric oxide,” Eur Respir 
Mon, vol. 49, pp. 1–31, 2010. 
[26] B. Evjenth, T. E. Hansen, and J. Holt, “The effect of exercise on exhaled nitric 
oxide depends on allergic rhinoconjunctivitis in children,” J. Asthma Off. J. Assoc. 
Care Asthma, vol. 52, no. 8, pp. 795–800, Oct. 2015. 
[27] M. Nickmilder, C. de Burbure, S. Carbonnelle, C. Sylviane, X. Dumont, D. Xavier, 
A. Bernard, B. Alfred, A. Derouane, and D. Alain, “Increase of exhaled nitric oxide 
in children exposed to low levels of ambient ozone,” J. Toxicol. Environ. Health A, 
vol. 70, no. 3–4, pp. 270–274, Feb. 2007. 
 
  
23 
 
[28] C. Sachs-Olsen, S. Berntsen, K. C. Lødrup Carlsen, S. A. Anderssen, P. Mowinckel, 
and K.-H. Carlsen, “Time spent in vigorous physical activity is associated with 
increased exhaled nitric oxide in non-asthmatic adolescents,” Clin. Respir. J., vol. 7, 
no. 1, pp. 64–73, Jan. 2013. 
[29] W. Huang, G. Wang, S.-E. Lu, H. Kipen, Y. Wang, M. Hu, W. Lin, D. Rich, P. 
Ohman-Strickland, S. R. Diehl, P. Zhu, J. Tong, J. Gong, T. Zhu, and J. Zhang, 
“Inflammatory and Oxidative Stress Responses of Healthy Young Adults to 
Changes in Air Quality during the Beijing Olympics,” Am. J. Respir. Crit. Care 
Med., vol. 186, no. 11, pp. 1150–1159, Dec. 2012. 
[30] M. G. Persson, N. P. Wiklund, and L. E. Gustafsson, “Endogenous nitric oxide in 
single exhalations and the change during exercise,” Am. Rev. Respir. Dis., vol. 148, 
no. 5, pp. 1210–1214, Nov. 1993. 
[31] J. Stang, V. Braten, C. Caspersen, E. Thorsen, and T. Stensrud, “Exhaled nitric 
oxide after high-intensity exercise at 2800m altitude,” Clin. Physiol. Funct. 
Imaging, vol. 35, no. 5, pp. 338–343, Sep. 2015. 
[32] G. Trolin, T. Andén, and G. Hedenstierna, “Nitric oxide (NO) in expired air at rest 
and during exercise,” Acta Physiol. Scand., vol. 151, no. 2, pp. 159–163, Jun. 1994. 
[33] I. Rahman, S.-R. Yang, and S. K. Biswas, “Current concepts of redox signaling in 
the lungs,” Antioxid. Redox Signal., vol. 8, no. 3–4, pp. 681–689, Apr. 2006. 
[34] D. P. Jones, J. L. Carlson, P. S. Samiec, P. Sternberg, V. C. Mody, R. L. Reed, and 
L. A. Brown, “Glutathione measurement in human plasma. Evaluation of sample 
collection, storage and derivatization conditions for analysis of dansyl derivatives 
by HPLC,” Clin. Chim. Acta Int. J. Clin. Chem., vol. 275, no. 2, pp. 175–184, Jul. 
1998. 
[35] M. Y. Yeh, E. L. Burnham, M. Moss, and L. A. S. Brown, “Non-invasive evaluation 
of pulmonary glutathione in the exhaled breath condensate of otherwise healthy 
alcoholics,” Respir. Med., vol. 102, no. 2, pp. 248–255, Feb. 2008. 
[36] A. F. Behndig, I. S. Mudway, J. L. Brown, N. Stenfors, R. Helleday, S. T. Duggan, 
S. J. Wilson, C. Boman, F. R. Cassee, A. J. Frew, F. J. Kelly, T. Sandström, and A. 
Blomberg, “Airway antioxidant and inflammatory responses to diesel exhaust 
exposure in healthy humans,” Eur. Respir. J., vol. 27, no. 2, pp. 359–365, Feb. 
2006. 
[37] I. S. Mudway, N. Stenfors, S. T. Duggan, H. Roxborough, H. Zielinski, S. L. 
Marklund, A. Blomberg, A. J. Frew, T. Sandström, and F. J. Kelly, “An in vitro and 
in vivo investigation of the effects of diesel exhaust on human airway lining fluid 
antioxidants,” Arch. Biochem. Biophys., vol. 423, no. 1, pp. 200–212, Mar. 2004. 
[38] G. G. Xiao, M. Wang, N. Li, J. A. Loo, and A. E. Nel, “Use of proteomics to 
demonstrate a hierarchical oxidative stress response to diesel exhaust particle 
chemicals in a macrophage cell line,” J. Biol. Chem., vol. 278, no. 50, pp. 50781–
50790, Dec. 2003. 
[39] G. B. Lee, E. B. Brandt, C. Xiao, A. M. Gibson, T. D. Le Cras, L. A. S. Brown, A. 
M. Fitzpatrick, and G. K. Khurana Hershey, “Diesel exhaust particles induce 
cysteine oxidation and s-glutathionylation in house dust mite induced murine 
asthma,” PloS One, vol. 8, no. 3, p. e60632, 2013. 
 
  
24 
 
[40] M. Kemp, Y.-M. Go, and D. P. Jones, “Nonequilibrium thermodynamics of 
thiol/disulfide redox systems: a perspective on redox systems biology,” Free Radic. 
Biol. Med., vol. 44, no. 6, pp. 921–937, Mar. 2008. 
[41] M. R. Miller, J. Hankinson, V. Brusasco, F. Burgos, R. Casaburi, A. Coates, R. 
Crapo, P. Enright, C. P. M. van der Grinten, P. Gustafsson, R. Jensen, D. C. 
Johnson, N. MacIntyre, R. McKay, D. Navajas, O. F. Pedersen, R. Pellegrino, G. 
Viegi, J. Wanger, and ATS/ERS Task Force, “Standardisation of spirometry,” Eur. 
Respir. J., vol. 26, no. 2, pp. 319–338, Aug. 2005. 
[42] M. B. Rice, P. L. Ljungman, E. H. Wilker, D. R. Gold, J. D. Schwartz, P. Koutrakis, 
G. R. Washko, G. T. O’Connor, and M. A. Mittleman, “Short-Term Exposure to Air 
Pollution and Lung Function in the Framingham Heart Study,” Am. J. Respir. Crit. 
Care Med., vol. 188, no. 11, pp. 1351–1357, Nov. 2013. 
[43] D. Burnett, S. Burns, S. Merritt, J. Wick, and M. Sharpe, “Prevalence of Exercise-
Induced Bronchoconstriction Measured by Standardized Testing in Healthy College 
Athletes,” Respir. Care, Feb. 2016. 
[44] R. S. Jones, M. H. Buston, and M. J. Wharton, “The effect of exercise on ventilatory 
function in the child with asthma,” Br. J. Dis. Chest, vol. 56, no. 2, pp. 78–86, Apr. 
1962. 
[45] N. J. Kubesch, A. de Nazelle, D. Westerdahl, D. Martinez, G. Carrasco-Turigas, L. 
Bouso, S. Guerra, and M. J. Nieuwenhuijsen, “Respiratory and inflammatory 
responses to short-term exposure to traffic-related air pollution with and without 
moderate physical activity,” Occup. Environ. Med., vol. 72, no. 4, pp. 284–293, 
Apr. 2015. 
[46] S. A. Korrick, L. M. Neas, D. W. Dockery, D. R. Gold, G. A. Allen, L. B. Hill, K. 
D. Kimball, B. A. Rosner, and F. E. Speizer, “Effects of ozone and other pollutants 
on the pulmonary function of adult hikers,” Environ. Health Perspect., vol. 106, no. 
2, pp. 93–99, Feb. 1998. 
[47] K. W. Rundell, J. B. Slee, R. Caviston, and A. M. Hollenbach, “Decreased lung 
function after inhalation of ultrafine and fine particulate matter during exercise is 
related to decreased total nitrate in exhaled breath condensate,” Inhal. Toxicol., vol. 
20, no. 1, pp. 1–9, Jan. 2008. 
[48] M. Strak, H. Boogaard, K. Meliefste, M. Oldenwening, M. Zuurbier, B. Brunekreef, 
and G. Hoek, “Respiratory health effects of ultrafine and fine particle exposure in 
cyclists,” Occup. Environ. Med., vol. 67, no. 2, pp. 118–124, Feb. 2010. 
[49] A. McNabola, B. m. Broderick, and L. w. Gill, “Relative exposure to fine 
particulate matter and VOCs between transport microenvironments in Dublin: 
Personal exposure and uptake,” Atmos. Environ., vol. 42, pp. 6496–6512, Jan. 2008. 
[50] K. Oravisjärvi, M. Pietikäinen, J. Ruuskanen, A. Rautio, A. Voutilainen, and R. L. 
Keiski, “Effects of physical activity on the deposition of traffic-related particles into 
the human lungs in silico,” Sci. Total Environ., vol. 409, no. 21, pp. 4511–4518, 
Oct. 2011. 
[51] G. Buonanno, G. B. Marks, and L. Morawska, “Health effects of daily airborne 
particle dose in children: direct association between personal dose and respiratory 
health effects,” Environ. Pollut. Barking Essex 1987, vol. 180, pp. 246–250, Sep. 
2013. 
 
  
25 
 
[52] W. C. Adams, “Ozone dose-response effects of varied equivalent minute ventilation 
rates,” J. Expo. Anal. Environ. Epidemiol., vol. 10, no. 3, pp. 217–226, Jun. 2000. 
[53] K. Alving, C. Janson, and L. Nordvall, “Performance of a new hand-held device for 
exhaled nitric oxide measurement in adults and children,” Respir. Res., vol. 7, p. 67, 
2006. 
[54] B. Khalili, P. B. Boggs, and S. L. Bahna, “Reliability of a new hand-held device for 
the measurement of exhaled nitric oxide,” Allergy, vol. 62, no. 10, pp. 1171–1174, 
Oct. 2007. 
[55] C. McGill, G. Malik, and S. W. Turner, “Validation of a hand-held exhaled nitric 
oxide analyzer for use in children,” Pediatr. Pulmonol., vol. 41, no. 11, pp. 1053–
1057, Nov. 2006. 
[56] D. Menzies, A. Nair, and B. J. Lipworth, “Portable exhaled nitric oxide 
measurement: Comparison with the ‘gold standard’ technique,” Chest, vol. 131, no. 
2, pp. 410–414, Feb. 2007. 
[57] Centers for Disease Control and Prevention, “2 to 20 years: Girls Body mass index 
for age percentiles,” Centers for Disease Control and Prevention, 30-May-2000. 
[Online]. Available: 
http://www.cdc.gov/growthcharts/data/set1clinical/cj41l024.pdf. [Accessed: 10-
Apr-2016]. 
[58] Centers for Disease Control and Prevention, “2 to 20 years: Boys Body mass index 
for age percentiles,” Centers for Disease Control and Prevention, 30-May-2000. 
[Online]. Available: 
http://www.cdc.gov/growthcharts/data/set1clinical/cj41l023.pdf. [Accessed: 10-
Apr-2016]. 
[59] M. Hayat, Bayesian Methods for Longitudinal Data. Medical College of Wisconsin, 
2002. 
[60] K. J. Godri, R. M. Harrison, T. Evans, T. Baker, C. Dunster, I. S. Mudway, and F. J. 
Kelly, “Increased Oxidative Burden Associated with Traffic Component of Ambient 
Particulate Matter at Roadside and Urban Background Schools Sites in London,” 
PLOS ONE, vol. 6, no. 7, p. e21961, Jul. 2011. 
[61] N. A. H. Janssen, A. Yang, M. Strak, M. Steenhof, B. Hellack, M. E. Gerlofs-
Nijland, T. Kuhlbusch, F. Kelly, R. Harrison, B. Brunekreef, G. Hoek, and F. 
Cassee, “Oxidative potential of particulate matter collected at sites with different 
source characteristics,” Sci. Total Environ., vol. 472, pp. 572–581, Feb. 2014. 
 
